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ABSTRACT
Malaria remains one of the immense global public health challenges, with an estimated ~200
million cases worldwide in 2019 despite the remarkable gains in reducing this deadly disease over
the past decade. The recent emergence and spread of artemisinin resistance (ART-R) in
Plasmodium falciparum will increasingly impede global efforts to control and eliminate malaria.
Previous studies have observed broad transcriptional changes and identified several noncoding
genetic variants strongly associated with ART-R. The broad transcriptional variations suggest that
the malaria parasite uses sophisticated epigenetic regulation to survive under drug pressure.
Therefore, evaluating the regulatory effects of noncoding-variants in malaria parasites is critical
to safeguard the efficacy of frontline artemisinin-based combination therapies.
In this work, we take advantage of recent advancements in Artificial Intelligence (AI) to
develop a sequence-based, ab intio computational framework for rapidly predicting the regulatory
effects of genetic variants. Our model directly learns a regulatory sequence code from large-scale
epigenetic-profiling data, enabling prediction of epigenetic effects of sequence alterations with
single-nucleotide resolution. We successfully apply this capability in recent published expression
quantitative trait loci (eQTLs) and ART-R-associated variants, demonstrating the alternation of
chromatin accessibility at intergenic regions linked to ART-R of the malaria parasite. We expect
the deep learning model developed here to unveil the regulatory function in broad noncoding
genomic regions and provide insight into crucial biological processes, like antigenic variation,
gametocytogenesis, invasion, and drug resistance.
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CHAPTER ONE:
INTRODUCTION
The recent progress in malaria control is jeopardized by the emergence of artemisinin
resistance (ART-R) in Plasmodium falciparum in Southeast (SE) Asia. A global disaster would
happen if the ART-resistant parasites spread to the holoendemic countries in sub-Saharan Africa
(World Health Organization WHO], 2021). Close resistance surveillance is critical to safeguard
the efficacy of the frontline artemisinin-based combination therapies (ACTs) and prevent and deter
resistance spread to Africa. Determination of genetic markers is crucial for monitoring ART-R,
and this requests deep insight into molecular mechanisms of the malaria parasite.
The complete P. falciparum genome was first sequenced in 2002 with roughly 23 million base
pairs (bp) consisting of 14 chromosomes, encoding more than 5,000 genes, and characterized by
an extremely high AT-content (Gardner et al., 2002). The overall AT composition is 80.6% and
rises to 90% in introns and intergenic regions (Gardner et al., 2002). P. falciparum has a complex
life cycle consisting of two different hosts. The sexual stages are produced in the vertebrate host,
but fertilization occurs in the insect host (Centers for Disease Control and Prevention [CDC],
2020). In humans, the parasites grow and multiply first in the liver cells and then in red blood cells
(RBCs), where it progresses through morphologically and developmentally distinct stages, namely
ring, trophozoite, and schizont, to multiply into new merozoites inside RBCs and continue the
cycle by invading other red cells upon bursting (CDC, 2020).
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The first study of gene transcriptional profile during the intraerythrocytic developmental cycle
(IDC), gametocyte and sporozoite development identified that 4,557 genes are transcribed in at
least one stage, suggesting genes in P. falciparum are expressed in a complex manner depending
on the life cycle stage and the current regulatory network (Le Roch, 2003). Following studies
suggest gene expressions in P. falciparum are regulated at various steps before or after RNA
synthesis (Review article, Hollin & Le Roch, 2020). Two mechanisms at the chromatin level play
a critical role in regulating the transcriptional process. They are i) epigenetic mechanisms that
influence access or recruitment of the transcriptional machinery to the DNA (Levo & Segal, 2014;
Slattery et al., 2014) and ii) the activity of sequence-specific transcriptional activators or repressors
that interact with cis-regulatory DNA elements (Clayton, 2002; Doane & Elemento, 2017).
Many published studies have demonstrated the contribution of epigenetic status to critical
biological processes of malaria parasites (Review article, Kirchner et al., 2016). For example, the
heterochromatin-mediated silencing mechanism controls the gene expression in responding to
antigenic variation and gametocyte conversion (Cortés et al., 2007; Filarsky et al., 2018; Voss et
al., 2014). Expansion of heterochromatic domains during gametocytogenesis and mosquito-stage
development restricts the expression of stage-specific genes during developmental progression
(Fraschka et al., 2018). In contrast to the general repression function of heterochromatin formation,
higher acetylation levels of histone tails in regulatory regions denotes an increased gene expression
level (Bártfai et al., 2010; Gupta et al., 2013). It has been shown that chromatin accessibility is
associated with some specific histone acetylation in P. falciparum. For instance, acetylation of
histone H3 at lysine 9 of their N-terminal tail (H3K9ac and H3K14ac) often alters nucleosomes
physical and chemical stability, resulting in an open chromatin structure and a transcriptionally
permissive state (Bártfai et al., 2010). On the contrary, trimethylation of histone H3 at lysine 9 is
2

often associated with a heterochromatin state and repression of gene expression (Bártfai et al.,
2010). Unlike in other organisms, P. falciparum exhibits a broad context of euchromatin
throughout the intraerythrocytic cycle, facilitating transcriptional factors (TFs) binding (Bártfai et
al., 2010). Several TFs can bind multiple distinct motifs involved in the invasion process and
sexual commitment (Campbell et al., 2010). A notable example is PfAP2-G, a member of the
ApiAP2 TF family. The expression levels of PfAP2-G correlate strongly with levels of gametocyte
formation in P. falciparum (Campbell et al., 2010; Kafsack et al., 2014). However, in P.
falciparum, only a few specific TFs (mostly belonging to the apicomplexan AP2 TF family) have
been identified and validated (Flueck et al., 2010; Kafsack et al., 2014; Santos et al., 2017). They
constitute approximately 1% of all protein-coding genes lower than ∼ 3% in yeast or 6% in humans
(Balaji et al., 2005; Bischoff & Vaquero, 2010). The coordinated cascade of transcripts throughout
the parasite life cycle is unlikely to be regulated only by limited collection oftranscription factors
and suggests that additional components and mechanisms, such as post-transcriptional regulation
(Caro et al., 2014; Foth et al., 2008; Kirchner et al., 2016), as well as change of chromatin structure,
may control gene expressions in the malaria parasite.
Recently, to decipher the chromatin accessibility related to transcriptional profile in P.
falciparum, the combination of RNA-seq and the assay for transposase-accessible chromatin using
sequencing (ATAC-Seq) are prformed on eight tightly synchronized stages during P. falciparum
IDC (Toenhake et al., 2018). In this study, over 4,000 accessible regulatory regions are identified,
and the open chromatin level at these sites is strongly associated with the transcriptional profile of
neighboring genes. Nearly ninety percent of these regulatory regions are localized within the 2 kb
upstream region of transcribed genes. Further study demonstrated that multiple genes in P.
falciparum tend to group to comprise a regulatory unit linearly (Wang et al., 2020).
3

Decipher transcriptional and epigenetic mechanisms will provide new insight into malaria
parasite survival mechanisms under their unpleasant environment. P. falciparum resistance to the
currently used artemisinin-based chemotherapeutics first emerged in western Cambodia and is now
present across the Greater Mekong Sub-region (GMS), compromising clinical efficacy (WHO,
2021). Accumulating evidence indicates that gene expression regulated by epigenetic mechanisms
is involved in ART-R. P. falciparum with delayed clearance time under ART has at least two major
physiological implications, i) slower growth and maturation of the parasite during the first half of
the asexual IDC by down-regulation of metabolic and cellular pathways. ii) Increased expression
of essentially all functionalities associated with protein metabolism indicates the prolonged and
thus increased protein degradation capacity during the second half of IDC in ART-R parasites
(Barrett et al., 2019). Early study has shown that ART induces DNA damage in P. falciparum via
oxidative stress and/or protein alkylation effect (Mok et al., 2011). During DNA damage, specific
protein complexes, known as chromatin remodeling complexes alter the chromatin architecture to
give access to the damaged site for the DNA repair enzymes and other regulatory proteins (Dinant
et al., 2008; Gupta et al., 2016). Oxidative stress and protein damage responses have emerged as
key players in ART-R related phenotype (Gupta et al., 2016; Mok et al., 2011). The in-vivo studies
of ART resistant P. falciparum cells have revealed upregulated DNA repair machinery together
with PfMYST, PfGCN5, Kelch13, and many other genes (Ariey et al., 2014; Gupta et al., 2016;
Miotto et al., 2015; Takala-Harrison et al., 2013; Zhu et al., 2018). Moreover, ART impacts the
overall abundance of H3K9ac, H4K8ac, and H4ac4 as histone modification characteristics of DNA
repair, implying epigenetic mechanisms related gene regulation mechanism involved in ART-R
(Gupta et al., 2016). Upregulated PfMYST and PfGCN5, histone acetyltransferase proteins, are
global regulators of transcription of stress-responsive genes in P. falciparum, bind to the stress-
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responsive genes in a poised state, and regulate their expression under stress. New studies have
shown that the expression of genes bound by PfGCN5 is upregulated during stress conditions (Mok
et al., 2021; Rawat et al., 2021). The role of acetylation of histones 3 and 4 in DNA damage
response is also documented in yeast, mammals, and recently, in Toxoplasma gondii (Gupta et al.,
2016). Taken together, it is feasible to speculate that the ART-R associated transcriptional changes
may have resulted from a small number of genetic variants in regulatory elements, such as open
chromatin regions. We aim to explore chromatin accessibility alternation of genetic variants to
identify underlying genetic determinants in ART-resistant parasites.
Over the past decade, quantitative genetics such as genome-wide association studies (GWAS),
transcriptome-wide association studies (TWAS), and expression quantitative trait locus (eQTL)
analysis of P. falciparum genome has provided a large number of genetic variants associated with
the ART-R (Mok et al., 2015; Takala-Harrison et al., 2013; Zhu et al., 2018). Many of these genetic
variants are in intergenic regions. Considering the strong correlation between temporal chromatin
accessibility and mRNA abundance of a neighboring gene (Toenhake et al., 2018), we hypothesize
that ART-R-associated genetic variants at intergenic exhibit a significant alternation of chromatin
accessibility around it. The successful validation of this hypothesis will help us further understand
the molecular mechanism behind genetic variants, gene expression, and parasite phenotype. We
summarized critical studies in P. falciparum to explore the relationship between variants, gene
expression, and ART-R in Figure 1. Initial GWAS studies in P. falciparum have identified number
of genomic variants associated with ART-R. (Ariey et al., 2016; Mok et al., 2015; Wang et al.,
2016). In the recently published eQTL study, researchers have identified genomics variants and
their gene-expression linkages (Zhu et al., 2018). In Figure 1 we have shown the contribution of
these studies to ART-R as path number 1 and 2, respectively. Also, TWAS have been applied to
5

aid in the understanding of transcriptional variations in mutant P. falciparum. They have
successfully established the relationship between gene expression and ART-R. We have shown
this contribution by path 3 which completes the triangular relationship between genomic variants,
gene expression profile, and ART-R. However, how genomic variants enable changing gene
expression programs for traits such as ART-R remains unknown. Recent studies using ATAC-seq
and RNA-seq have assessed the relationship between chromatin accessibility and gene expression
level and showed that the chromatin accessibility pattern correlates positively with the transcript
abundance of the downstream gene (Ruiz et al., 2018; Toenhake et al., 2018). We showed this
correlation by path 4 in Figure 1. Based on contributions of these studies, we hypothesize that the
chromatin accessibility around the intergenic variants which are associated with crucial gene
expression profiles in ART-R parasites enables significant change. We showed this relationship
by the red path where chromatin accessibility plays the role of 'intermediary' between gene
expression and genetic variants, explaining the association between intergenic variants and the
phenotype of ART-R.
Traditional experimental methods to capture changes in the epigenome following CRISPR
perturbations in the model system have shown insufficient throughput for testing the whole
repository of genetic variants (Liscovitch-Brauer et al., 2021). The chromatin profiles across
different stages of the parasite life cycle have been generated recently (Ruiz et al., 2018; Toenhake
et al., 2018), providing the premise of computational method development to predict chromatin
status from sequence information. The successful development of a sequence-based computational
method will enable a new way to annotate the chromatin status effect of genomic variants.
Sequence-based methods is capable of helping us annotate the effects of altered chromatin
accessibility at single-nucleotide sensitivity. In this thesis, we describe a new computational
6

framework applying a convolutional neural network (CNN) to learn regulatory sequence code and
predict chromatin accessibility in P. falciparum genome. We apply this framework to existing
ART-R-associated eQTL sites, exploring the different regulatory scenarios between reference and
alternative alleles. Our work provides new insight into the molecular mechanism of ART-R in P.
falciparum, bringing us a step closer to fighting this deadly parasite.

7

Figure 1. The workflow shows previously conducted studies and the aim of the current study.
Schematic illustration of current progress in genomic study to understand ART-R in P. falciparum. Path 1 indicates a large amount
of identified genomic variants associated with ART-R by GWAS studies. Some of these variants, along with a ton of other variants,
are linked with gene expression profiles by eQTL studies (Path2). With the help of TWAS analysis, researchers now better
understand the relationship between gene expression and ART-R (Path3). Combine the triangular relationship from path 1 to 2 and
until 3, some intergenic variants can be linked to ART-R by assigning them to gene expression profiles. However, the missing
patch is what kind of genetic mechanism links intergenic variants and gene expression profiles. This thesis aims to explore the
relationship displayed by the red arrow, where chromatin accessibility plays the role of 'intermediary' between gene expression and
genetic variants, explaining the association between intergenic variants and ART-R in P. falciparum.

8

CHAPTER TWO:
METHODS

Chromatin Accessibility Data in P. falciparum
4,035 open chromatin regions identified by ATAC-seq across the IDC are used to develop a
sequence-based active regulatory prediction model. (Toenhake et al., 2018). All open chromatin
regions were downloaded from the Gene Expression Omnibus database: accession number
GSE104075. The 90% of identified open chromatin regions are located at intergenic regions, and
here we used them as positive data set. We sampled the same number of random genome regions
from the P. falciparum genome (PlasmoDB, release 52) as negative datasets (Aurrecoechea et
al., 2009). The sampling procedure is processed by Bedtools Suite, the shuffle module (v2.29.1)
(Quinlan & Hall, 2010). To capture the sequence repertoire of open chromatin in P. falciparum,
we extended the summit of the open chromatin region (ATAC-seq peak) to 301 bp by extending
150bp to both sides. This procedure is processed for both positive and negative datasets. The
'fastaFromBed' module from Bedtools Suite (Quinlan & Hall, 2010) is utilized to generate the
FASTA file of the DNA sequence. An in-house python script, including one-hot encoding, is
generated to merge positive and negative datasets (total number of 8,070).
All 8,070 samples including the equal number of positive and negative data are used to
develop a deep learning model. The dataset is divided into training and test data based on the
8

ratio of 4:1, which means 80% of samples is used for training and the rest 20% for testing. Also,
we split 10% of the training dataset as validation data. The purpose of using validation on the
training dataset is to minimize overfitting and save time for optimizing model parameters. It is
also a part of the training dataset which finds out the fine-tuned parameters for our model during
the training process. The test dataset is used further to evaluate the model performance after the
training process and has been widely used in machine learning and deep learning model
development.
On the other hand, we performed n-fold cross-validation (CV, n = 10 and 20 here), which is
different from the validation process during training. In n-fold cross-validation, the dataset is
randomly partitioned into n subsets with nearly equal size. Each subset is separated once as a test
set and leaves all remaining n-1 subsets to train a model. This procedure is repeated n times so that
all n subsets will through once as a test set. All the steps of data pre-processing and splitting are
shown in Figure 2.

Convolutional neural network architecture
Recent advances in computational biology have demonstrated successful applications of
convolutional neural networks on genomic research (Alipanahi et al., 2015; Kelley et al., 2016;
Liu et al., 2018; Min et al., 2017). We organized our Deep CNN in a sequential layer-by-layer
structure (Figure 3). The 3-layer feed-forward network consists of neurons connected to every
neuron in the next layer. The first layer starts with the input layer, where we define our input
dataset and data dimensions. We converted the DNA sequences into a numerical matrix with a
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dimension of (301×4), where 301 is the sequence length, and 4 is the four types of bases in DNA.
Therefore, 8,070 DNA sequences will be a matrix of (8,070×301×4) before splitting into training,
test, and validation datasets.

Figure 2. Stepwise display of data pre-processing for training Deep CNN model.
This figure displays the steps of data pre-processing and splitting to make data convenient for model training. We repeated these
in developing all models present in this study.

The 2D-CNN is used here, and, traditionally, the 2D-CNN is designed for dealing with an
image input, including one more channel that indicates 'red', 'green', and 'blue'. To fit our input for
the 2D-CNN, we reshaped the input data into a matrix of (8,070×301×4×1). The following two
10

layers are convolution layers followed by a Max-pooling layer. Convolution and Max-pooling
layers play a crucial role in extracting input features at different spatial scales. A convolution layer
is composed of learnable convolutional kernels with equal size and is used to scan along the input
DNA sequence to extract short patterns and form feature maps. These feature maps are then downsampled by a Max-pooling layer. The last three layers are dense layers or fully connected layers
with ReLU activation function on two first layers and a Softmax classifier on the last dense layer
as the output layer to classify the chromatin status as open or close. An activation function is
usually used after each dense layer to guarantee the nonlinearity of the whole model. The Rectified
Linear Unit or ReLU is a nonlinear function and the commonly used activation function in deep
learning models, defined as:
𝑅𝑒𝐿𝑈(𝑥) = max (0, 𝑥)
The function simply outputs the value of 0 if it receives any negative input, but it returns that value
for any positive value. The softmax activation function (σ) also plays a vital role as a nonlinear
classifier based on the learned high-level feature representation. The function is usually used to
compute losses that can be expected when training a data set and is defined as:
𝜎(𝑧)! =

!"#
"
∑% ! %

where 𝜎(𝑧)! denotes the predicted score for class i, 𝑒 "# denotes a standard exponential function for
input vector, and 𝑒 "% denotes a standard exponential function for output vector. The cross-entropy
loss function is mainly used with the softmax function when compiling binary- and multi-class
classification problems. We randomly dropped 20% of units in each dense layer using dropout. A
dropout layer is used mostly between dense layers, and it randomly sets input values to zero to
11

avoid overfitting. The total number of neurons and kernel size in convolution layers and units of
dense layers are shown in Figure 3B. In compiling the model, we used the Adam optimizer
(Kingma & Ba, 2014), sparse categorical-cross-entropy as the loss function in 50 epochs to get a
more stable model.

Figure 3.Deep CNN structure. A) Overview of the architecture B) Model workflow.
A) This figure displays the steps and order of layers making up the CNN model. B) This figure displays the layers of the CNN
model including the detailed compositions.

Machine Learning Framework Based on Support Vector Machine
The Support Vector Machine (SVM) is one of the most successful binary classifiers and
has been widely used in many fields of genomic research. “kmer-SVM” is an SVM based
framework for enhancer and other regulatory elements prediction in model organisms. Kmer-SVM
uses combinations of short (6–8 bp) kmer frequencies as a feature representation to predict the
activity of genomic elements. The typical length of input genomic elements ranges from 500 to
12

2000 bp (Lee et al., 2011, 2015). The function of these DNA regulatory elements is generally
thought to be specified at the molecular level by the binding of combinations of Transcription
Factors (TFs) or other DNA binding regulatory factors. Many of these binding sites are short and
fall within the range of k = 6–8, where the kmer-SVM approach was specifically successful
(Ghandi et al., 2014, 2016; Shrikumar et al., 2019). However, k-mers suffer from the inherent
limitation that if the parameter k is increased to resolve longer features, the probability of observing
any specific k-mer becomes very small. Alternatively, TFBS can be defined by a set of sequences
with some gaps (non-informative positions) as each given DNA sequence has some binding
affinity for the TF. Recently introduced gapped k-mers method (gkmSVM), resolving fundamental
limitations with k-mer features, showed better capability in robustly estimating k-mer frequencies
in real biological sequences (Ghandi et al., 2014, 2016; Shrikumar et al., 2019). Another efficient
method in studying gene regulatory mechanisms is LS-GKM that removes limitations of previous
releases of gkmSVM since optimal training of gkmSVM on large datasets requires substantial
memory resources proportional to 𝑛# . Now Sub-sampling strategies in LS-GKM enable training
on much larger scale (LS) datasets with better performance than the original gkmSVM (Lee, 2016).
In this study we trained both gkmSVM and LS-GKM methods on same dataset across the parasite
IDC to compare their performance with our suggested Deep CNN model on classification
accuracy. These methods are freely available as R packages from: https://github.com/DongwonLee/lsgkm and https://github.com/cran/gkmSVM.
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Model Performance Evaluation
Performance metrics including accuracy, receiving operating characteristics (ROC),
precision, recall, and the area under their curves (AUC-ROC and AUC-PR, respectively) are used
here to evaluate the performance of different models. The most common measure used to evaluate
the performance of a predictive classification model is accuracy. It can be calculated by dividing
the number of correct predictions by the number of total predictions as below.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

Other metrics used in the performance evaluation is the area under the receiver operating
characteristic curve (AUROC) and the area under the precision-recall curve (AUPRC). An
AUROC curve is a graph showing the performance of a classification model at all classification
thresholds. The ROC curve plots two parameters: True Positive Rate (sensitivity) and False
Positive Rate (1-specificity). The sensitivity (True Positive Rate (TPR)) and specificity (True
Negative Rate (TNR)) values can be simply calculated as:

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑡𝑦 =

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

AUROC measures the entire two-dimensional area underneath the ROC curve from (0,0)
to (1,1). AUROC ranges in value from 0 to 1. A model whose predictions are 100% wrong has an
AUROC of 0.0; one whose predictions are 100% correct has an AUROC of 1.0. A precision-recall
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curve combines precision (also called PPV: Positive Predictive Value) and recall (also called TPR:
True Positive Rate) in a single visualization. Precision and recall are defined as follow:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑉𝑎𝑙𝑢𝑒 =

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

"#$% &'()*)+%(
"#$% &'()*)+%(, -./(% &'()*)+%(

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

For every threshold, it calculates PPV and TPR and plots it. The higher curve on the y-axis, the
better the model performance is. Knowing at which recall the precision starts to fall fast can help
us choose the threshold and deliver a better model.

eQTL Data in ART-Resistant Malaria Parasite
The main application of the computational framework developed here is to annotate the
chromatin accessibility changing of genomic variants. The eQTL data are obtained from P.
falciparum in vivo isolates from the population of GMS (Zhu et al., 2018). These eQTLs are
classfied into local and distal based on the cutoff of 15kb between the location of an eQTL and
its target gene(s). Our sequence-based computational framework and other previous methods are
applied on 1,419 eQTL sites involved in the transcription regulatory network of P. falciparum in
adaptations to their unique host environments, including 1,009 distal and 410 local sites. Also,
the study suggests 858 of these eQTLs have gene-expression linkages involved in ART-R. These
858 eQTLs linked to the ART-R also contain 120 distal and 738 local eQTLs.
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Predicting Chromatin Accessibility Effect of Genetic Variants
The [-150bp, + 150bp] according to each eQTL is extracted as reference sequence. The
length of each reference sequence is 301bp, which is the same as the input length in our training
datasets. The ‘fastaFromBed’ from Bedtools (Quinlan & Hall, 2010) are utilized to extract FASTA
sequences. Then, we used an in-house python script to replace the nucleotide with the alternative
nucleotide at position 151st in the reference sequence (Figure 4). To generate the sampling group,
we randomly selected a site at the intergenic region from the P. falciparum genome and expanded
[-150bp, +150bp] to 301bp length as the sampling reference sequence. Then the nucleotide at
position 151st site of each sampling sequence is randomly converted to a nucleotide other than
itself. We repeated this sampling procedure 1,419 times to generate the same number of total eQTL
sites. The total numbers of sequences in each dataset are provided in Table 1.
Table 1. Summary of eQTL and non-eQTL datasets in running the efficiency test of Deep CNN model.
Number of SNPs in each dataset
Distal eQTLs

1009

Distal eQTLs linked to ART-R

120

Local eQTLs

410

Local eQTLs linked to ART-R

738

Non-eQTLs (Control)

1,419

We tested the CNN model on five different datasets to test our hypothesis and assess the changes of chromatin accessibility resulting
from genetic variants at eQTL sites compared to non-eQTL sites. Each dataset contains the reference or alternative nucleotide at
151bp in a sequence of length 301bp. In this study, we used a total number of 1,419 eQTLs and generated the same numbers as
non-eQTLs (control). eQTL SNPs are separate as Distal and local eQTLs showing linkages to transcriptional variations in P.
falciparum. Among these eQTLs, 858 of them have shown associations with the regulatory networks in ART-resistant parasites,
separate as distal and local eQTLs. Distal eQTLs linked to ART-R are a subset of Distal eQTLs and Local eQTLs linked to ARTR are also a subset of Local eQTLs. All datasets are collected from ART-resistant P. falciparum cells across the GMS population.

Same as the previous step, we needed to convert the FASTA sequences into a format
convenient for applying the CNN model. Therefore, we repeated the One-hot encoding step to
transform data into a 4-dimension Matrix. Unlike the training steps where we had labels for regions
as open or close chromatin, we do not have the labels (the chromatin accessibility status). The
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trained model will predict the chromatin accessibility status per each sequence in datasets
mentioned in Table 1. The model can reliably predict the probability of chromatin accessibility on
our eQTL and control datasets; thus, we can calculate the difference of these probabilities between
the reference and alternative sequences based on their relative change as below:

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 =

&(1/*%#2.*)+%)4&(5%6%#%27%)
&(5%6%#%27%)

Relative change can describe the size of the absolute change in comparison to the reference
values. We used Wilcoxon rank-sum test here to compare the alternations of chromatin
accessibility between groups.

Figure 4.SNP insertion in the reference and alternative sequences.
This figure illustrates the steps in introducing variants at 151bp of each sequence at each dataset. We repeated the insertion of
variant nucleotides from the 1st sequence to the last sequence in each dataset (Nth) to obtain alternative sequences in the
corresponding dataset. We further obtained the change in chromatin accessibility by comparing the predicted numbers of sequences
with open chromatin in reference sequences and alternative sequences.
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CHAPTER THREE:
RESULTS
As illustrated in Figure 3, the proposed CNN model in this study is composed of two
convolutional layers followed by a Max-pooling layer and two fully connected dense layers. In the
first convolutional layer, the convolutional kernels scan along an input sequence to capture short
sequence patterns, analogizing a position weight matrix in motif search and then converting it to a
numerical matrix for the next layer input. The obtained numeric information is delivered to the
next level for capturing high-level patterns. The max-pooling layer reduces the number of
connections between convolutional layers and input patterns. This lowers the computational
burden and facilitates the extraction of high-level features. In a fully connected layer, input
variables are discarded randomly by a dropout operation, fed to a rectified linear unit (ReLU) for
incorporating nonlinearity, and eventually transformed into probabilities through a softmax
function.
The first convolutional layer contains 42 kernels of shape 2 × 4 with sliding step 1 and is
followed by another convolutional layer with 34 kernels of shape 2 × 4. Following the max-pooling
layer with pooling size of 2 × 2, there are two dense, fully connected layers of size 128 and 64,
respectively, with a dropout layer (ratio 0.5) between them. The final 2-way softmax layer
generates the classification probability results.

18

The positive dataset in this study includes 4,035 open chromatin regions detected by
ATAC-seq, and the negative dataset includes the same number of randomly generated intergenic
regions in P. falciparum genome excluding known open chromatin regions. All open chromatin
and random sampling regions are combined to train gkm-SVM (Ghandi et al., 2014, 2016;
Shrikumar et al., 2019), LS-GKM (Lee, 2016), DeepEnhancer (Min et al., 2017), and our Deep
CNN models across the IDC of P. falciparum 3D7 datasets (Toenhake et al., 2018). GkmSVM ,
LS-GKM and DeepEnhancer models are sequence-based computational learning models for
predicting regulatory elements in a model organism (Ghandi et al., 2014, 2016; Lee, 2016; Min et
al., 2017; Shrikumar et al., 2019). For the proposed deep-learning model here, the Adam algorithm
are used in the training process to search optimized parameters (Kingma & Ba, 2014). Our deep
CNN model achieved the highest performance among all the four methods on training datasets
across the P. falciparum IDC with AUROC of 0.90, compared to 0.86 of gkm-SVM, 0.87 of LSGKM, and 0.80 of DeepEnhancer, as can be seen in Table 2. AUPRC of our Deep CNN (0.90)
also surpassed those of gkm-SVM (0.83), LS-GKM (0.84), and DeepEnhancer (0.79). Figure 5
shows the AUROC and AUPRC plots between our proposed deep learning model and
DeepEnhancer. Figure 5 illustrates the AUROC and AUPRC for two SVM models with the 10and 20-fold CV. As shown in Figure 5, there is a remarkable difference between the performance
of the two CNN models. However, in Figure 6, the performance of the two SVM models is similar.
Considering the k-mer feature discrepancy between these two SVM models, this reflects the
minimum impact of k-mer features in predicting chromatin accessibility in P. falciparum.
The performance of our Deep CNN model during the training process is shown in Figure
7 where both training and validation datasets reach a considerably stable plateau implicating the
generalization ability of our model. The accuracy on the test dataset for our Deep CNN model was
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obtained as 0.83 which is considerably higher than 0.78 in gkm-SVM, 0.79 in LS-GKM, and 0.73
in DeepEnhancer (Table 2).

Figure 5. AUROC and AUPRC in CNN models.
The figure on the left displays the ROC curve as a metric in the evaluation of model performance. The blue plot displays the
performance of our developed CNN model, and the red plot displays the performance of the recently published DeepEnhancer
method in a model organism. The figure on the right displays the precision-recall curve as a metric in the evaluation of model
performance. The blue plot displays the performance of our suggested CNN model, and the red plot displays the performance of
the DeepEnhancer method. In both figures, the area under the curve is denoted in legends for each method.

Figure 6. AUROC and AUPRC in SVM models.
The figure on the left displays the ROC curve for SVM methods. The dark and light blue plots display the performance of 10- and
20-fold CV experiments for the gkm-SVM method and the yellow and orange plots display the performance of 10- and 20-fold CV
experiments for the LS-GKM method. The figure on the right displays the precision-recall curve. The dark and light blue plots
display the performance of 10- and 20-fold CV experiments for the gkm-SVM method and the yellow and orange plots display the
performance of 10- and 20-fold CV experiments for the LS-GKM method. The area under the curve for these methods is displayed
in Table 2.
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Figure 7. Model performance during the training of the Deep CNN model suggested in this study.
This figure displays the performance of our Deep CNN model during the training process at 50 epochs. The blue plot displays the
performance of the training dataset, and the orange plot displays the performance of the validation dataset. We set 10% of the
training dataset for the validation to detect overfitting for the model during the training process.

Table 2. Summary of performance metrics among all models.
AUROC

AUPRC

Accurac

TPR

TNR

y
10Fold-gkmSVM (Ghandi et al., 2016)

0.866

0.838

0.784

0.828

0.739

20Fold-gkmSVM

0.868

0.839

0.787

0.858

0.715

10Fold-LSGKM (Lee, 2016),

0.875

0.846

0.796

0.811

0.781

20Fold-LSGKM
DeepEnhancer (Min et al., 2017)

0.875
0.806

0.846
0.792

0.799
0.738

0.811
0.685

0.786
0.716

10Fold-DeepEnhancer

0.798

0.762

0.721

0.671

0.688

Deep CNN Model (Developed in this study)
10Fold-deepCNN

0.901
0.866

0.900
0.838

0.835
0.827

0.831
0.827

0.812
0.827

This table records the mean value of AUROC, AUPRC, and Accuracy values for each model. We used 10- and 20-fold crossvalidation methods for further assessment of the models’ effectiveness.

Based on the summary of predictive values in the binary classification problem against the
actual values, we calculated the sensitivity (TPR) and specificity (TNR) per method and provided
in Table 2. We obtained TPR as 0.831 and TNR as 0.812 in our model, which suggests more
reliability than other methods on the P. falciparum IDC dataset (Table 2). All these evaluation
results support the superiority of our method over previous methods in predictive accuracy.
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Prioritizing and Annotating Intergenic eQTL Variants
The previous report showed that chromatin accessibility in P. falciparum strongly correlates
with the neighboring gene expression (Toenhake et al., 2018). Therefore, a reasonable hypothesis
is that an eQTL site is capable of changing its surrounding chromatin accessibility by further
impacting gene expression levels. The sequence-based model developed here can provide an ideal
way to assess the change in chromatin accessibility resulting from genetic variants. This is, to our
knowledge, the first approach in malaria parasites for prioritizing regulatory activity in highthroughput. Most importantly, this method is based on a computational framework and can be
applied to all repertoires of intergenic variants. Currently, one missing patch for understanding the
contribution of intergenic variants to ART-resistant parasites is how genomic alternation at
intergenic regions is related to the phenotype of ART-R. As shown in Figure 1, this study explores
the epigenetic mechanism of gene regulatory role of intergenic variants and its association with
ART-R in malaria parasites. Specifically, we used our model to predict chromatin accessibility of
previously reported 1,419 eQTL sites, including 858 ART-R-associated eQTLs. The
transcriptional profile linked by these 858 ART-R eQTLs is correlated with parasite half-life
clearance under ART treatment (Zhu et al., 2018). All eQTLs are categorized into local and distal
linkages based on 15kb between an eQTL SNP and target gene(s) (Zhu et al., 2018). Table 1 lists
the total number of sequences of each eQTL dataset. We applied our trained model on all eQTl
and control datasets and calculated the relative change on predicted chromatin accessibility level
in reference and alternative sequences. Figure 8 shows the boxplot of the relative change of
chromatin accessibility level among all test eQTL sites.
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Both distal and local eQTLs linked to gene regulatory networks in P. falciparum adaptations
across the GMS showed more changes of chromatin accessibility level (boxes number 1 and 3,
respectively) than the random sampled genomic site(box number 5, p = 3.8 × 10!"# and 6.3 × 10!"# ,
Wilcoxon test), suggesting the change in chromatin accessibility level is associated with gene
expression in P. falciparum. Boxes 2 and 4 belong to the distal and local eQTL SNPs associated
with ART-R in P. falciparum. Our model also indicates a relatively higher change in distal and
local eQTL SNPs linked to ART-R than non-eQTL SNPs (p = 1.6 × 10489 and 7.2 × 1048: ,
Wilcoxon test, respectively). All comparisons of the Wilcoxon test are shown in Table 3. The
results, consistent with our hypothesis, demonstrated that malaria parasites tend to alter their
chromatin accessibility to further regulate the transcriptional profile of crucial genes associated
with ART-R to obtain survival opportunities under ART.
Table 3. Wilcoxon rank-sum test on the relative change in chromatin accessibility level in different datasets.
Distal
eQTLs

Resistance
Local
Resistance
Non-eQTLs
linked Distal
eQTLs
linked Local
(Control)
eQTLs
eQTLs
Distal eQTLs
1.5E-15
2.2E-14
3.7E-13
3.8E-14
Resistance linked Distal eQTLs
1.6E-15
1.5E-15
1.6E-15
Local eQTLs
1.6E-14
6.3E-14
Resistance linked Local eQTLs
7.2E-14
Non-eQTLs (Control)
We performed the Wilcoxon rank-sum test on the relative change in chromatin accessibility of the five datasets. Tests are conducted
with the alternative hypothesis that the change between two groups is different in their medians. Small p-values indicate that
difference of change in chromatin accessibility level between two groups is statistically significant.
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Figure 8. Boxplot of relative change in chromatin accessibility level.
In testing our hypothesis, we compared the change of chromatin accessibility level at eQTL and non-eQTL sites. This figure
displays the boxplot of change in chromatin accessibility level in each dataset.
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CHAPTER FOUR:
DISCUSSIONS AND CONCLUSIONS
Cis-regulatory elements are regions of non-coding genomic regions capable of regulating
transcription. Chromatin accessibility at gene promoters allows the binding of target TFs,
recruiting other co-factors involved in chromatin remodeling and transcriptional activation,
enabling the regulation of gene expression at a given tissue or condition and time point (Voss &
Hager, 2014). In P. falciparum, stage-specific TFs regulate the temporal and developmental geneexpression programs through binding to cis-regulatory elements in the promoter or distal
regulatory regions (Harris et al., 2011; Militello et al., 2004). From the first whole-genome
transcription study, researchers have found that most genes in the P. falciparum are expressed in
a complex manner depending on its life cycle stage and activity of the regulatory network (Le
Roch, 2003). The ability of the Malaria parasite in resistance to artemisinin is tightly linked to the
transcriptional alternation of a number of genes mainly involved in processes of oxidative stress
and DNA damage (Mok et al., 2021; Rawat et al., 2021; Rocamora et al., 2018). A growing
hypothesis in the field is that enhancing the survival rate under ART, multiple aspects of parasites’
IDC program are altered by rewiring its transcriptome. This includes differentially expressed genes
involved in protein degradation, cell-cycle periodicity, vesicular trafficking, unfolded protein
response, and mitochondrial metabolism (Mok et al., 2021). A recent study integrating TWAS,
GWAS, and eQTL have identified a group of intergenic variants associated with ART-R (ZHU et
al., 2018). Considering the strong correlation between temporal chromatin accessibility and
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mRNA abundance of neighboring genes (Toenhake et al., 2018), we hypothesized that ART-Rassociated genetic variants exhibit a significant alternation of chromatin accessibility around it and
suggest the epigenetic regulations as one of the mechanisms underlying the altered gene expression
programs contributing to ART-R.
The development of high-throughput sequencing technologies has enabled the
accumulation of a vast amount of chromatin profiles across different stages of the parasite life
cycle (Ruiz et al. 2018; Toenhake et al., 2018). Only from DNA sequence information, machine
learning, and deep learning models can effectively predict the regulatory code of DNA sequence
(Alipanahi et al., 2015; Kelley et al., 2016; Liu et al., 2018; Min et al., 2017). In this thesis, we
developed the first sequence-based computational framework in malaria parasites to predict
chromatin accessibility. The deep CNN model that integrates a deep convolutional neural network
(CNN) and a feed-forward neural network is successfully applied here. Furthermore, the sequencebased prediction model provides a new way to assess the chromatin accessibility changes by
genomic variants.
Genome-wide profiling of chromatin accessibility using ATAC-seq, revealed over 4,000
active DNA regions, mainly at 5′-intergenic regions, overlapping with annotated cis-regulatory
elements (Toenhake et al., 2018). These accessible regulatory regions showed a positive
correlation with the abundance of the respective mRNA transcript. We used these regulatory
regions as positive datasets (open chromatin) to train our Deep CNN model (Toenhake et al.,
2018). To make comparisons of model performance, we also applied many computational
frameworks originally trained in model organisms to this dataset (Ghandi et al. 2014; Lee et al.,
2011, 2015; Lee, 2016; Min et al., 2017). Our Deep CNN method achieved high performance in
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the chromatin accessibility prediction and outperformed recently published SVM and CNN
frameworks (Ghandi et al. 2014; Lee et al., 2011, 2015; Lee, 2016; Min et al., 2017). Besides, our
method is the first time suggested to predict chromatin accessibility in the P. falciparum genome.
To apply our model for genome annotation of published genomic variant data, we applied
the model developed in this study on 1,419 eQTLs of P. falciparum isolates from the GMS
population with gene-expression linkages in parasites adaptations to their unique host
environments (Zhu et al., 2018). We aim to investigate whether chromatin accessibility around
eQTLs exhibit significant change compared with other random intergenic regions. We applied our
trained model on all eQTls and randomly selected genomic regions to calculate the relative change
of chromatin accessibility between reference and alternative sequences. The results in Figure 8
supports our hypothesis with significant changes of chromatin accessibility around both distal and
local eQTLs than random regions. Our model also predicted a significant change of chromatin
accessibility around ART-R-associated eQTL sites, demonstrating that the change of chromatin
accessibility and corresponding gene expression is finally associated with the phenotype of ARTR.
The sequence-based model is able to annotate and prioritize all repertoires of intergenic
variants across the P. falciparum genome. Our next plan is to apply our model in the large-scale
genomic variants data from MalariaGene (Publications, n.d). This dataset includes 3,168,721 SNPs
and 2,882,975 indels. It will be interesting to investigate the chromatin accessibility around the
intergenic variants associated with other anti-malaria drugs, like chloroquine and sulfadoxinepyrimethamine (Nwakanma et al., 2014; Ravenhall et al., 2016). Exploring the relationship
between genetic and phenotype is always a fascinating topic. The computational framework
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developed here is successfully utilized to understand the epigenetic mechanisms that underlie the
ART-R of malaria parasites. Besides, we can consider a similar computational framework to aid
our understanding of other crucial phenotypes in malaria parasites, such as antigen variation and
gametocyte commitment. Because of the crucial role of PfAP2-G as a key determinant of sexual
commitment and a potential regulator of genes important for red blood cell invasion, we will
consider building a new computational framework in predicting PfAP2-G binding sites.
Our model is trained on chromatin accessibility data across the P. falciparum IDC.
Providing a chromatin accessibility prediction model at a specific time point will provide more
insight into the gene regulation mechanism. Also, we tested our model on a balanced dataset due
to the limited computational resource currently. It is highly desirable to test our model on
imbalanced data that follow the ratio between open chromatin and other intergenic regions.
To sum up, this is the first attempt in P. falciparum to develop a sequence-based, ab intio
computational framework for predicting regulation regions. We demonstrated our model’s high
accuracy outperforming existing computational models which are originally developed in model
organisms. The application of our model on previously identified eQTLs can fill the knowledge
gap between a genomic variation and its contribution to gene regulation in P. falciparum and
provide new insight into the mechanism of intergenic variants contributing to its associated
phenotype like ART-R.
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